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Abstract 
This paper presents a tool wear monitoring system that uses the same signals and prediction strategy for monitoring the 
machining process of different materials, i.e., a steel and an aluminium alloy. It is an important requirement for a monitoring 
system to be applied in real applications. Experiments have been performed on a lathe over a range of different cutting 
conditions, and TiN coated tools were used. The monitoring signals used are the AC feed drive motor current and the cutting 
vibrations. The geometry tool parameters used as inputs are the tool angle and the radius. The performance of the proposed 
system was validated against different experiments. In particular, different tests were performed using different numbers of 
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1. Introduction 
Monitoring tool wear has aroused much interest among researchers as Abu-Mahfouz (2003), Byrne et al. (1995), 
Scheffer et al. (2003, 2004), Silva et al. (2000), Chungchoo et al. (2002), Niranjan Prasad et al. (2001), Salgado et 
al (2006, 2007), Jemielniak et al. (2006), Li (2001, 2005), Kim et al. (1996) and Srinivasa et al. (2004). The 
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international research organization CIRP made an in-depth study of the situation considering the increase in 
demand for effective industrial tool wear monitoring systems. The following reasons summarize the interest in 
these systems: 
 Unmanned production is only possible if there is a method available for tool wear monitoring, tool breakage 
and surface roughness estimation. 
 Tool wear is an important factor directly affecting the surface quality of the machined products and one of 
the most undesirable characteristics affecting production optimization. 
 Today tool changes are made based on conservative estimates of tool life. The consequence is that too many 
changes are made as the full lifetime of the tool is not taken into account, and hence valuable production 
time is lost. 
Nowadays, there is also recognition in the manufacturing research community of several needs in the 
development of these monitoring systems to be used in real applications, as can be: a trade-off between the number 
of sensors used and their cost, and the performance of the monitoring system; a sufficiently reduced computing 
time that allows to change the tool before the wear exceeds the fixed threshold; and the use of sensors that do not 
disturb the machining process. In this context, the objective of this paper is to design a tool wear monitoring system 
that verifies the above requirements for its appropriate used in industry. An important requirement for this proposed 
monitoring system is that it must be applicable for different workpiece materials, that is a vital factor to its use in 
real applications. 
This papers is organized in different sections. Section 2 exposes the monitoring signals used for the monitoring 
strategy, section 3 explains the experiments and section 4 describes the monitoring system development. In 
sections 5 and 6 the results and conclusion are exposed respectively.  
2. Monitoring signals 
The analysis of the monitoring signals is a very important factor in the development of a tool wear monitoring 
system, because it depends largely on the effectiveness of the system as explained Byrne et al. (1995). In this 
sense, another issue to be noted is the cost of the sensors used. This factor is undoubtedly a decisive factor to get a 
really application for industry. The monitoring signals used in the proposed system are the feed motor current and 
the vibrations acquired closed to the cutting tool and generated during machining. The following lines describe the 
processing techniques applied for each monitoring signal. 
2.1. Feed motor current 
Cutting forces and in particular the feed forces are closely related to tool flank wear in turning, as has been 
shown for several published research works. In fact, many of these papers proposed to estimate the flank wear 
from cutting forces measurement. However, the cost of a dynamometer is quite high and sometimes is a 
painstaking assembly in the machine tool. Therefore, in this work the feed motor current is used to estimate the 
cutting force in the feed direction in order to use it later in the estimation of tool flank wear. In addition, the current 
sensor does not require a pre-assembly for signal acquisition. Several works, as Li (2001, 2005) and Kim et al. 
(1996) have studied how to estimate the cutting forces from the consumed motor current in turning. These works 
conclude that the feed force can be estimated based on the feed rate rf  and the difference I between the feed 
motor current I  and the no-load current 0I  with the same cutting conditions, that is, 0III . 
Mathematically this relationship can be expressed as follows: 
rf fIhF ,                   (1) 
 
The value of I  can be calculated easily, since I  can be measured during machining in the experiments and 
0I  is a function of the feed rate rf . Indeed, we found that, at a 94.7% confidence level, 0I  (A) varies linearly 
with the feed rate (mm/min) according to 
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3378.00007.00 rfI                                                               (2) 
and feed rate (mm/min) can be expressed as a linear function of current frequency (Hz) according to: 
ffr 3488.0                                                                (3) 
With these expressions the feed force can be estimated once the expression of the function h of Equation 1 has 
been determined. In this work, instead of seeking a mathematical expression for the function h, the relationship 
between feed force fF and the values I  and rf , has been established by a neural network trained for that 
purpose. In Figure 1 it is shown, the information presented to the NN1 network to estimate the feed force. As can 
be seen in this figure the input data to the network are I  and rf , being the estimated feed force the output of the 
network. The output of this network, i.e. the estimated feed force, is used as input to another neural network 
(network called NN2 in Figure 1) which is introduced in the proposed monitoring system to estimate the tool flank 
wear (see Figure 1). 
2.2. Cutting vibrations 
To increase the accuracy of the estimation of tool flank wear, vibration in the feed and radial directions have 
been considered as input information to the system. These signals were processed using a technique known as 
Singular Spectrum Analysis (SSA). SSA is a novel non-parametric technique of time series analysis based on 
principles of multivariate statistics. It decomposes a given time series into an additive set of independent time 
series, what are obtained by projecting the original series over an orthonormal basis generated from the original 
series.  
The SSA method builds a matrix, called trayectory 'matrix' from the original time series in a process called 
'embbeding'. This matrix consists of vectors obtained by a sliding window that traverses the series. The trajectory 
matrix is then subjected to a singular value decomposition (SVD). The SVD decomposes the trajectory matrix into 
a sum of unit-rank matrices known as elementary matrices. At this step, the method calculates the eigenvalues of a 
matrix constructed with the trayectory matrix. Each of these matrices can be transformed into a time series 
reconstructed by a process called 'diagonal averaging’. The reconstructed time series from each elementary matrix 
is known as 'principal components' as explained Golyandina et al. (2001). The sum of all principal components 
equals the original time series. A more detailed explanation of the method can be found in the works of Salgado et 
al. (2006, 2007). 
In this work we have used the eigenvalue decomposition of the vibration signals as significant values of tool 
flank wear. With high security, there will be directions in the orthonormal basis generated from the original series 
in the works of Salgado et al. (2006, 2007), in which the correlation between flank wear with the corresponding 
eigenvalue of that direction is significant. This hypothesis has been used to select those directions and the 
eigenvalues of these directions to be used in the prediction strategy of the proposed monitoring system. 
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Fig. 1. Schematic diagram of the proposed monitoring system. 
3. Experiments 
For the experiments TiN coated tools were used in turning steel F1120 workpiece. The AC feed drive motor 
current was measured using a Hall current sensor, and the current signals obtained were passed through low-pass 
filters (cut-off frequency: 100 Hz). The accelerometers (Kistler type 8742A50 and Kistler 5807A amplifiers) were 
placed close to the tool to measure the cutting vibrations. These signals were sampled at a rate of 10 kHz for 150 
ms. In the experiments, various tools (TiN-coated carbide inserts) of ISO types CCMT 120404, CCMT 120408, 
TCMT 110204, VCMT 160404, and VCMT 160408 were used. The geometry tool parameters used as inputs to the 
monitoring system are the tool angle (A) and the radius (r). 
The tool flank wear was quantified using a standard microscope. The cutting parameters were: cutting speed 
(vc) 90-180 m/min, feed rate (fr) 0.05-0.2 mm/rev and depth of cut (d) 0.5-1 mm for steel workpiece, and (vc) 180-
310 m/min, feed rate (fr) 0.1-0.4 mm/rev and depth of cut (d) 0.5-1 mm for aluminium workpiece. 
      Table 1. Experimental training tests for steel and aluminium alloy 
 Steel Aluminium     
Nº 
Exp. 
vc 
(m/min) 
fr 
(mm/rev) 
vc 
(m/min) 
fr 
(mm/rev) 
d (mm) 
A 
(mm) 
VB 
(μm) 
VB 
(μm) 
1 90 0.05 180 0.1 0.5 80 87 103 
2 90 0.05 180 0.1 1 35 121 85 
3 90 0.125 180 0.2 0.5 35 53 156 
AC motor 
Feed and radial 
vibrations 
SSA 
decomposition 
Singular spectrum 
Eigenvalues 
53, jj  
Current sensor 
(Low-pass filter) 
I 
I0 
fr 
 NN1 
 NN2 
I  fF  
Cutting conditions 
Ardfv rc ,,,,  
VB  
Feed force estimation 
SSA decomposition 
of cutting vibrations 
VB estimation 
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4 90 0.05 180 0.2 1 80 25 224 
5 90 0.05 180 0.3 0.5 80 94 184 
6 90 0.125 180 0.3 1 60 109 120 
7 90 0.05 180 0.4 0.5 35 215 69 
8 90 0.125 180 0.4 0.5 60 123 145 
9 110 0.125 210 0.1 0.5 60 174 225 
10 110 0.20 210 0.1 1 80 127 186 
11 110 0.125 210 0.2 0.5 35 96 245 
12 110 0.125 210 0.2 0.5 35 194 235 
13 110 0.20 210 0.3 0.5 35 59 167 
14 110 0.125 210 0.3 1 60 28 64 
15 110 0.05 210 0.4 1 35 56 178 
16 110 0.125 210 0.4 0.5 35 114 168 
17 130 0.125 250 0.1 0.5 80 165 109 
18 130 0.125 250 0.1 1 35 37 214 
19 130 0.05 250 0.2 0.5 80 210 268 
20 130 0.05 250 0.2 1 80 131 275 
21 130 0.05 250 0.3 0.5 60 156 154 
22 130 0.125 250 0.3 1 35 85 139 
23 130 0.05 250 0.4 0.5 60 144 235 
24 130 0.125 250 0.4 0.5 35 78 98 
25 160 0.125 280 0.1 0.5 60 28 107 
26 160 0.20 280 0.1 1 35 185 159 
27 160 0.125 280 0.2 0.5 60 26 264 
28 160 0.05 280 0.2 0.5 35 152 324 
29 160 0.05 280 0.3 1 80 59 154 
30 160 0.125 280 0.3 1 60 82 228 
31 160 0.05 280 0.4 0.5 35 119 164 
32 160 0.125 280 0.4 0.5 35 153 238 
33 180 0.20 310 0.1 0.5 60 88 241 
34 180 0.125 310 0.1 1 80 34 155 
35 180 0.125 310 0.2 1 35 74 162 
36 180 0.20 310 0.2 1 60 94 87 
37 180 0.20 310 0.3 0.5 80 174 169 
38 180 0.125 310 0.3 0.5 60 162 91 
39 180 0.125 310 0.4 1 35 37 142 
40 180 0.125 310 0.4 0.5 35 55 163 
 
4. Monitoring system development 
All The monitoring information has been presented to a neural network (NN2) to estimate the flank wear. To 
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estimate the feed force another neural network (NN1) has been used, see Figure 1. Both neural networks, NN1 and 
NN2 are based in the multilayer perceptron. The architecture of both networks has been optimized by setting the 
number of iterations 20,000 and calculating the errors with the validation data for each architecture. The data for 
training the networks are shown in Table 1, and the data used for validation of the network are shown in Table 2.  
Network NN1 has an optimal architecture of 2-2-1, i.e., 2 neurons in the input layer, 2 neurons in the middle 
layer and 1 neuron in the output layer. The NN2 network has an optimal architecture 16-5-2. Architectures 
composed of two hidden layers do not improve the results. These results are for the system trained for steel 
workpiece.  
When the workpiece material is aluminium the network NN1 has an optimal architecture based on 2-2-1 
configuration, i.e., the same that for steel workpiece, however the NN2 network obtains optimal results with a 16-
4-2 configuration of neurons. The 16 input data are the values I and rf , the estimated feed force, the cutting 
conditions and tool geometry and the 5 eigenvalues obtained from the SSA decomposition of each of vibration 
signals. 
 
     Table 2. Experimental validation tests for steel and aluminium alloy 
 Steel Aluminium 
Nº Exp. VB (μm) BVˆ  (μm) VB (μm) BVˆ  (μm) 
1 87 95 103 108 
3 53 78 156 167 
7 215 224 69 79 
12 194 202 235 212 
17 165 178 109 121 
22 85 110 139 129 
25 28 56 107 123 
29 59 89 154 145 
32 153 147 238 248 
35 74 78 162 175 
37 174 189 169 191 
40 55 67 163 155 
5. Results and discussion 
Table 2 shows the selected tests from Table 1 to validate the monitoring system (the other experiments were 
used for training the proposed system). These tests were not presented to the network for training and were used 
only for validation the accuracy and reliability of the monitoring system. Table 2 shows the flank wear value 
BV and the estimated wear BVˆ  for each of the cutting materials in each experiment. 
The performance of the proposed system was validated against different experiments. In particular, different 
tests were performed using different numbers of experiments and the results were that the rmse for tool wear is 
17.63 μm for steel workpiece and 13.45 μm for the aluminium workpiece. Although these rmse values are quite 
adequate in relation to those given by other research works in the literature, we made more experiments to prove 
the minimum error that could be obtained. The total number of experiments was increased to 70, and the rmse 
errors were quite similar for both workpiece materials with a number of test similar to the test made in this work. 
In this sense, these results allow to conclude that the proposed monitoring system has a good accuracy and that it is 
similar to those systems of high accuracy of the literature, with the advantage that the same system can be used for 
machining different workpiece materials, something quite important for its use in real applications. 
Figure 2 represents the absolute error of the flank wear estimation for the steel and aluminium workpiece. It is 
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important to note that there is not trend in the estimation. This fact is interesting to note, since this no trend in the
error is observed for both cutting materials, and it implies that the system is not conditioned for any external factor.
As some other researchers are concluded is quite important that the absolute error in flank wear prediction has a
small average, and it is what Figure 2 shows.
Figure 2. Flank wear error for the two workpiece materials
6. Conclusions
This work describes a tool wear monitoring system that is possible to used for different workpiece materials.
This question has not been taken into account for previous works in this field of work, and it is quite important for 
the use of these systems in real applications. The results show that it is possible to design a monitoring system for 
different materials, since the obtained accuracy and reliability are close to the obtained for systems specially
designed for only one material.
The proposed system has an acceptable cost-performance ratio for its industrial application in relation with
other works in literature. A remarkable result is that the minimum rmse for tool wear estimation can be obtained
training the system with the data from approximately 30 experiments. This number of training experiments is the
same used in other works that achieve a similar accuracy in the estimate of tool wear or surface roughness.
In the authors opinion, future works in this field must try to develop tool wear monitoring system with this
objective, i.e. monitoring systems that could be used in real applications, taking into account the conditions of 
machining processes in industry. In this sense, it is an important advantage that the same monitoring system can
estimate tool flank wear for different cutting materials using the same input information, what implies reducing the
number of sensors, and in consequence the cost of the monitoring system.
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